Abstract Artificial neural networks (ANN) are modelling tools that can be of great utility in studies of microbial water quality. The ability of ANNs to work with complex, inter-related multiparameter databases and provide superior predictive power in non-linear relationships suits their application to microbial water quality studies. To date ANNs have been successfully applied (a) for the prediction of peak microbial concentrations, (b) to sort land use associated faecal pollution sources and relative ages of runoff and (c) towards the selection and study of surrogate parameters. Predictions of peak microbial contamination or faecal pollution sources have been greater than 90% accurate. The importance of a subgroup of organisms that are isolated by the total coliform membrane filter test on m-Endo media in defining faecal sources was revealed through parameter selection exercises. The result is the definition of a new bacterial ratio that can be directly related to the age of faecal contamination in animal impacted runoff.
Introduction
Artificial Neural Network (ANN) modeling approaches have been used increasingly in various fields of science and technology. In recent years, ANNs have found a number of applications in the area of water quality modeling where they excel in predictions based upon complex, inter-related, and often non-linear, relationships between multiple parameters. Researchers investigating the ability of ANNs to estimate river salinity found ANN models to be better than other simulation and commonly used statistical models (Sandhu and Finch, 1996) . However, modeling applications for microbial water quality are generally more difficult due to complexities in environmental distribution, mobility and fate of microbes. Whereas salinity is an easily measured, evenly distributed conservative pollutant, microbial contaminants are non-conservative, irregularly distributed and may even increase in concentration due to growth in the environment. The interrelationship and interactions between microbial communities in water creates additional modeling challenges that have been overcome by applications of ANNs to multi-parameter databases. This paper presents a summary of the successful applications of ANNs to two separate microbial water quality databases for the sorting of faecal pollution sources, the prediction of peak microbial concentrations, and for identifying new surrogate parameters of microbial water quality.
Artificial neural networks
The ANN approach is based on a model of the human neurological system that consists of basic input and computing elements (called nodes) interconnected together with weighted communication strands (Figure 1 ). Mathematically, a three-layer neural network with I input nodes, J hidden nodes in a hidden layer and K output nodes can be expressed as: where O Pk is the output from the kth node of the output layer of the network for the Pth vector (data point); x Pi is the input to the network for Pth vector (data point); w o jk is the connection weight of the communication strand between the jth node of the hidden layer and the kth node of the output layer (see Figure 1) ; w h ij is the connection weight between the ith node of the input layer and the jth node of the hidden layer; b j 1 and b k 2 are bias terms; and f 1 (.) and f 2 (.) are activation functions.
The most commonly used activation function within the nodes is the logistic sigmoid function, which produces output in the range of 0-1 and introduces non-linearity into the network, which gives the power to capture non-linear relationships between input and output values. The logistic function was used in this work in the form given below.
(2)
Methods

ANN architecture and training
All ANNs used the same architecture of N:2N:1 where N was equal to the number of input parameters. This architecture was found to be optimal in numerous trial attempts. For a modeling effort using seven input parameters per observation, there would be 14 hidden layer nodes and a single output node that would report a value between zero and one. Values of zero and one in the output would be assigned for the characteristic under definition (i.e. sewage = 0 and runoff = 1, peak concentration = 1 and non-peak = 0) for each observation. The method of training all models was an iterative non-linear optimisation approach using either gradient descent or genetic search technique on a randomised sort of the database of observations. In training, the weights on each connection were adjusted to yield the minimum error between the computed output pattern and the known or observed output pattern based on the method of least squares. The basic procedure used to train the network is embodied in the following steps: (a) apply input observations from training set to the network and calculate the corresponding output values, (b) compare the computed output with the known output values and determine a measure of the error, (c) determine corrections (increase or decrease) to the connection weights, (d) apply the corrections to the weights and (e) repeat items (a-e) with all the training vectors until the error for all vectors in the training set is reduced to an acceptable value. The procedure outlined in steps (a-e) was developed into a computer program "NuroSort" which, inclusive of the program, 
data interface, training, and testing phases was developed in-house at the University of Kentucky.
Results
Predicting peak concentrations
The ability of ANNs to predict peak microbial concentrations of Giardia and Cryptosporidium from multiple input parameters, and the details of this research, has been published Neelakantan et al., 2001; Neelakantan et al., 2002) . Table 1 summarises the modeling results obtained from training and validation of two ANNs on a 72-observation database assembled from measurements taken at the inlet of a drinking water plant on the Delaware River, USA (Atherholt et al., 1998) .
The ANN models were able to predict when an observation would have peak concentrations of encysted protozoa (peak defined as above the 75th percentile of total cysts and full cysts recovered from an equivalent 5 L sample). In summary, these results showed that for Cryptosporidium, using measurements for Clostridia perfringens, Escherichia coli, pH, total and faecal coliforms, precipitation, turbidity and river flow as input parameters, the trained ANN model correctly predicted oocyst concentration categories (peak or non-peak) with 88% accuracy while never misclassifying peak concentrations as non-peak (false negative) for the validation set of observations. The accuracy of the model for all data observations, those in the training set as well as those in the validation set, was greater (94%).
For Giardia (using measurements for C. perfringens, faecal coliform, turbidity, river flow, alkalinity, pH and E. coli as input parameters with a peak concentration as four cysts with at least one cyst showing contents), the trained ANN model correctly predicted cyst concentration categories (peak or non-peak) with 94% accuracy for the validation dataset without generating false negatives. Other network architectures and training methods were investigated to see if prediction could be improved in subsequent studies using this database. Although it was clear that ANNs of varying structure and training could learn to identify a unique set of water quality characteristics associated with peak concentrations of encysted protozoa, and initial results supported other findings that genetic algorithms are more robust for finding global optimal weight sets, there was no significant improvement in prediction performance ). An interesting observation of this work was that the outcome prediction values were closely clustered around 0 and 1 suggesting that the ANN was in effect performing a linear cluster analysis from multiple input values. The clustering effect indicated that the relationship the ANN was learning was quite distinct and may have been related to the underlying distribution of encysted protozoa in the environment, and the factors that controlled their mobility.
An extension of this approach could be used for predicting microbial concentrations from multiple inter-related input parameters to backfill missing values for microbial concentrations in large multi-parameter databases where inappropriate dilutions resulted in values of TNTC or zero. The ability of ANNs to learn the non-linear relationships between microbial populations, flow, seasonality and weather makes their application to this problem a logical extension of our previous work and is currently under investigation. Another application of ANNs was that of faecal source sorting, with animal faecal sources associated with prevalent land uses in a small watershed. Seven input parameters were used on a dataset collected over two years at eight animal-impacted runoff collection sites and the inlet to a local sewage treatment plant. The input parameters were total coliforms (background, BG, atypical, AC, and total, TC, colonies), weather, faecal streptococci (FS), faecal coliforms (FC) and turbidity. The runoff sites within the watershed were first classified as either suburban or agricultural runoff based upon surrounding land use. Further classifications for faecal age in runoff were assigned based upon if the water at the site was free-flowing or had been taken from an impoundment. (Impoundments in this watershed often operated as collection systems without outfall and the faecal material, carried in by runoff from the surrounding lands, was aged within them). Small streams with active flow and direct animal contact were considered fresh in terms of faecal age. Individual ANNs were trained to sort, in a hierarchical or cascading system, (a) raw human sewage from all animal impacted runoff (fresh or aged), (b) fresh animalimpacted runoff from impounded (aged) and (c) fresh animal-impacted suburban runoff from agricultural. All animal-impacted runoff sites were checked for the presence of overt human faecal contamination by analysis of male-specific coliphage and coprostanol. A detailed discussion of this watershed runoff quality study is available (Brion and Lingireddy, 1999; Brion et al., 2002) , but the significant findings are summarised in Table 2 .
The model easily distinguished between raw human sewage and even the heaviest animal-impacted runoff sites with great accuracy (>99%). Sewage was never misclassified as runoff, while only 2/279 runoff observations were classified as sewage. This excellent discrimination was to be expected when the average microbial concentrations of sewage and runoff were taken into consideration. A statistical analysis of the average differences between bacterial concentrations and turbidity for each type of site classification is presented in Table 3 . Kruskal-Wallis One Way ANOVA on Ranks was done for each classification, for each bacterial indicator or water quality parameter measured. Then pairwise comparisons between classifications were made using Dunn's method to determine if underlying differences existed. The results are summarised in Table 3 where a significant difference (P<0.05) in concentration of an input parameter between two classification types is denoted by "y" and insignificance is denoted by "n". Inspection of this table can provide insight into the underlying patterns upon which the model is training.
The average concentrations for bacteria and turbidity in sewage were clearly different Flowing architecture y,y,n,n,y,y from that of runoff originating in the suburban environment either flowing or impounded. Significant differences between all bacterial concentrations and turbidity were found (y,y,y,y,y,y), and this is reflected in the >99% ANN prediction accuracy rate. The least difference in average concentrations was between flowing, fresh suburban and agricultural runoff (n,n,y,n,n,y) and this is reflected in the decreased training and validation accuracy rates (89% and 85% respectively). Yet the ability of the model to sort between fresh, flowing runoff with so few and nonspecific input parameters is still quite respectable considering that the samples were taken at all times of year and under all types of weather. It is suggested that the model performance could be improved with the addition of seasonal and water temperature input parameters, but this remains to be proven.
Identifying new relationships among surrogate indicators
One of the most interesting, and unexpected, utilities of ANN applied to microbial data is the discovery of new surrogate indicator parameters for bacterial quality and age. Early attempts to sort agricultural runoff from that of suburban runoff revealed a dependence of the ANN model on an overlooked group of bacteria cultivated on total coliform m-Endo media, atypical colonies. The atypical colonies that formed on this media during examination of surface waters were primarily comprised of (a) true, oxidase-negative coliforms that have had their ability to ferment lactose inhibited and (b) a group of oxidase-positive bacteria (Brion et al., 2000) . The atypical colonies were identified as a mixture of coliforms, Aeromonas spp., Salmonella spp., Pseudomonas spp. and Vibrio spp. with the majority of non-coliform atypicals identified by the API-20E test belonging to the Aeromonas group (36%). The response of the atypicals to the runoff environment was different from that of the coliforms of faecal origin. The total coliforms from faecal origin, added in large numbers by scour into the runoff, will die over time while atypical concentrations slowly increase to a relatively stable level presumably related to total nutrient loading. The result of this was that the ratio of atypical colonies to total coliform colonies (AC/TC) changed with time in the environment. The atypicals provided a baseline against which to measure the concentrations of total or faecal coliforms. The average AC/TC ratio was low in runoff that was close to a fresh source such as (a) sewage influent or (b) cattle in direct contact with a flowing creek (3.9 and 10.0 respectively). For suburban runoff that was impounded in the environment and aged, the AC/TC ratio was substantially greater (102.6). Table 4 presents the average for the newly discovered AC/TC ratio along with the classic faecal coliform/faecal streptococci (FC/FS) ratio for the same data set used for sample classifications presented in the previous section of this paper for discussion of faecal source and age sorting.
The FC/FS ratio is of little utility in sorting faecal sources, yet the AC/TC ratio is clearly different for the different classifications and increases from raw sewage to impounded suburban runoff as expected by the estimated faecal age of these sites obtained through sanitary survey. It is interesting to note that all of the runoff sites had similar concentrations of atypical colonies in the total coliform test (geometric mean = 18,113 CFU/100 mL, n = 284) even though they were quite dissimilar in associated land uses. A one-way ANOVA between impounded suburban, flowing suburban and flowing agricultural sites determined that there was no significant difference between the average means of the log transformed atypical concentrations (P = 0.823). Another insight was obtained from looking at the relative importance of input parameters for predicting peak events of encysted protozoa. This importance was determined by creating the best model possible, removing one parameter at a time and noting the increase in mis-predictions. Spore concentrations of C perfringens were critical for identification of peak events for both Giardia and Cryptosporidium as prediction rates fell from >97% to 84% with the prediction of false positives if these spore concentrations were not used as input. However, the relative importance of turbidity and river flow to the training and validation of an ANN model seemed to indicate that Giardia was more closely linked to larger rainfall events, those that increased turbidity in the Delaware River, than Cryptosporidium. This was apparent by comparing the relative prediction rates for ANN trained without turbidity as an input parameter.
For Cryptosporidium, the overall prediction accuracy dropped only 3% (from 97% to 94%) when turbidity values were withheld from the ANN model. For Giardia, overall prediction accuracy dropped 11% (from 98% to 87%). Although this was a trend noted from a limited dataset, it supported the findings of others that noted the potential for combined sewer overflows to contribute to peak concentrations in receiving waters.
Conclusions
In the field of public health microbiology, ANNs can be used wherever multiple or logistic regression techniques are used and adequate data is available for their training. What our studies have shown was that ANNs excelled in providing a type of linear, cluster analysis from multiple parameter data observations. This should be of no surprise to those in the field applying logistic regression analysis to modeling problems that have shown to be recalcitrant to analysis with classic linear regression techniques. Neural network analysis of environmental water quality data can provide insight into the origin of faecal material in a watershed, the length of time it has been in a watershed, the pathogen burden associated and indicators or surrogates that are related to the condition under definition. Neural networks serve to provide researchers with empirical models of complex systems from which they can begin to unravel the underlying relationships and come to a more complete understanding of pathogens in the environment.
